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Chapter 24
MOSAIIC: City-Level Agent-Based Traffic
Simulation Adapted to Emergency Situations
Guillaume Czura, Patrick Taillandier, Pierrick Tranouez, and Éric Daudé
Abstract In this paper, we present MOSAIIC, an agent-based model to simulate the
road traffic of a city in the context of a catastrophic event. Whether natural (cyclone,
earthquake, flood) or human (industrial accident) in origin, catastrophic situations
modify both infrastructures (buildings, road networks) and human behaviors, which
can have a huge impact on human safety. Because the heterogeneities of human
behaviors, of land-uses and of network topology have a great impact on the traffic
flows, the agent-based modeling is particularly adapted to this subject. In this paper,
we focus on the new traffic model itself: the way geographical data is used to build
a network, the various behaviors of our agents, from the individual to the collective
level.
24.1 Introduction
Nowadays, traffic simulations are often used by urban planners to make decisions
concerning road infrastructures. Many models have been developed these last years.
These models are grouped according to their levels of representation: macroscopic
[1], mesoscopic [2], microscopic [3] and nanoscopic [4].
A modeling approach that is particularly well-fitted for micro-simulation is
agent-based modeling. It allows to consider the heterogeneity of driver behaviors
and to take into account the global impact of local processes.
Such approach is increasingly used as many frameworks allowing urban planners
to easily build their own scenarios (MATSIM [5], SUMO [6], AgentPolis [7]) are
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developed. However, if these frameworks are often well-adapted to traffic in normal
condition, very few tools allow the simulation of uncommon events such as natural
or technological hazards. Actually, in this context, being able to simulate the traffic
in a realistic way while taking into account the road infrastructure (crossing, traffic
signals: : :), the properties of the cars (length, max speed: : :) and the personality of
the drivers (tendency to respect the norms) is mandatory. Most other frameworks
work at a higher level, supposing regularities and statistical behaviors. But in a
disaster individual decisions can lead to important collective consequences. Two
drivers can leave their car, thus blocking hundred behind them. Drivers may react
to things they see, fleeing by taking one-way streets in reverse, creating a jam in
the road leading to this street. Individual-based modeling and micro-simulation are
the only way to incorporate those possibilities, not just origin destination matrices
and shortest path algorithms. For modelers without high level programming skills,
adapting these platforms to specific application contexts is out of reach as they
require to write code in JAVA or C++. As a result, many simulators are still
developed from scratch or with a generic platform (e.g. [8–10]).
In this paper, we propose a new generic model dedicated to traffic simulation
based on the work of [10–12] called MOSAIIC. This model, which have been
implemented using the GAMA modeling platform [13], is easily tunable through
a specific modeling language. Moreover, this model manages road infrastructures
and traffic signals, input from real geographical data, as well as a detailed imple-
mentation of cars and drivers: choice of destination, acceleration and deceleration
according to the surrounding traffic and the regulation, lanes changing, crossroads
crossing etc. In addition, it allows to take into account the personality of each driver:
respect of norms (traffic light, right of way, speed limits: : :), the management of
tailgating.
The paper is organized as follows: Sect. 24.2 is dedicated to the presentation
of the generic MOSAIIC Agent-based model. Section 24.3 concludes and presents
some perspectives.
24.2 The MOSAIIC Agent-Based Traffic Model
As stated in the previous section, we chose to implement the model with the
GAMA platform. The GAMA platform provides modelers—who quite often are
not developers—with tools to develop highly complex models. In particular, it
offers a complete modeling language (GAML: GAma Modeling Language) and
an integrated development environment that allows modelers to quickly and easily
build models. Indeed, the GAML language is as simple to use and to understand as
the Netlogo modeling language [14] and does not require high level programming
skills. In addition, GAMA provides different features that can be used by modelers
to develop traffic models. In particular, GAMA allows to simply load GIS data
(shapefiles, OSM data: : :), to define graphs from polyline geometries, to compute
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shortest paths and to move agents on a polyline networks. At last, it integrates an
extension dedicated to fine-scale traffic simulation [15].
24.2.1 Structure of the Network
A key issue for our model is to be versatile enough to be usable with most of classic
road GIS data, in particular OSM1 data. We choose then to use a classic format for
the roads and nodes (Fig. 24.1). Each road is a polyline composed of road sections
(segments). Each road has a target node and a source node. Each node knows all
its input and output roads. A road is considered as directed. For bidirectional roads,
2 roads have to be defined corresponding to both directions. Note that for some GIS
data, only one road is defined for bidirectional roads, and the nodes are not explicitly
defined. In this case, it is very easy, using the GAML language, to create the reverse
roads and the corresponding nodes (it only requires few lines of GAML).
A road can be composed of several lanes (Fig. 24.2). The vehicles are able to
change at any time its lane and even use a lane of the reverse road. In this case, the
vehicle “cross” the road (for example going from Road 2 to Road 1 in the Fig. 24.1).
Legal speed is another property of the modeled road. Note that even if the user of the
model has no information about these values for some of the roads (the OSM data
are often incomplete), it is very easy using the GAML language to fill in the missing
values by a default values. It is also possible to change these values dynamically
node
road
Road 1
Linked road: Road 2
Road 2
Linked road: Road 1
Road 3
Road 4
Fig. 24.1 Roads and nodes description in the model
1OSM: OpenStreetMap.
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Fig. 24.2 Roads and lanes
description in the model
during the simulation (for example, to model that after an accident, a lane of a road
is closed or that the speed of a road is decreased by the authorities).
In order to give the modelers the possibility to simply add dynamics to these
infrastructures (e.g. to add a deterioration dynamic to roads), we chose to represent
all the road infrastructures (road, traffic signals) as agents.
For each roads, a list of predefined variables is defined. Some of them are linked
to the road properties:
• lanes: number of lanes.
• maxspeed: maximum authorized speed on the road.
In the same way, for each nodes, a list of predefined variables is defined. Amongst
them, the most important is the list of stop signals, and for each stop, the list of roads
concerned by it.
The complete list of variables for roads and nodes can be founded in [15].
24.2.2 Driver Agents
Concerning the driver agents, we propose a driving model based on the one proposed
by Tranouez et al. [10]. Each driver agent has a planned trajectory that consists in a
succession of edges. When the driver agent enters a new edge, it first chooses its lane
according to the traffic density, with a bias for the rightmost lane. The movement
on an edge is inspired by the Intelligent Driver Model [16]. A difference with our
driving model is that in our model the drivers have the possibility to change their
lane at any time (and not only when entering a new edge). In addition, we have
defined more variables for the driver agents in order to give more possibilities for
the modelers to tune the driver behavior.
The driver agents have several variables that will define the car properties and the
personality of the driver, ranging from the length of the vehicle to the probabilities
of respecting right of way. The values of these variables can be modified at any time
during the simulation. For example, the probability to take a reverse road can be
increased if the driver is stuck for several minutes behind a slow vehicle.
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24.2.3 Dynamics of the Model
One step of the simulation represents 1 s. The dynamics of the model is based six
consecutive steps:
1. Each road agent computes the potential traffic jams
2. Each traffic signal computes its new state.
3. New drivers arrive in the simulation
4. Drivers that do not have a path to reach their destination (or that should
recompute them owing to changes in their context) compute it.
5. Drivers drive toward their final target. Note that the driving step is asynchronous.
agents move one after the other. The order of activation of the driver Agents
depend on their distance to the end of their current road: the drivers closer to the
road end are activated first.
6. Drivers that reach their final target are removed from the simulation
24.2.3.1 Traffic Jam Management
Each road has the capability to compute the traffic jams on it. A traffic jam is
defined as the presence on the road of at least number_threshold drivers of which
the speed is inferior to speed_threshold. The number_threshold variable depends on
the capacity of the road (will be lower for a small road than for a long road) and the
speed_threshold variable on the max_speed on the road. A traffic jam becomes real
for drivers if it exists for at least time_threshold.
24.2.3.2 Traffic Signal Update
Each traffic signal (only traffic light in our model) update its state counter.
24.2.3.3 New Driver Arrival
According to the current time and the data provided, a certain number of drivers
are created. We assume that the model user has data (scenario) concerning the
number of drivers departing at each period of time (for instance, there are often
more drivers departing at 8AM than at 11PM). These drivers are located on one
of the nodes according to the scenario data. Indeed, we assume here that the user
has also data concerning the Origin and Destination of drivers. According to this
data, a probability to use each node as an origin is computed and used to define the
initial location of each new driver. In the same way, a probability to use each node
as a destination according to a given origin is computed and used to define the final
target of each new driver.
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24.2.3.4 Computation of the Path
A driver can compute the path between its current location and its final target using
a graph structure (each road will be an edge of the graph). In order to do so, the
driver will use its own weights concerning for the edge. We defined four profiles of
driver (i.e. four types of weight):
• minimize the travel distance
• minimize the travel time
• minimize the travel time and favorise roads with many lanes
• minimize the travel time and avoid traffic lights
In addition, when a driver perceived that its path will cross at least one known
uncommon event (traffic jam, blocked roads), it will test a the proba_avoid_event
probability to define if it will try to avoid it or not. If it tries to avoid it, it has two
specific behaviors that will depends on the test of the proba_know_map probability.
If the driver knows the map, it will compute a new shortest path taking into account
all the information it has concerning uncommon events. In the other case, it will just
try to choose through heuristics roads without uncommon events that will allow it
to move closer to its final target.
24.2.3.5 Driving Step
The driving action of the driver agents work as follow: while the agent has the time
to move, it first defines the speed he tries to reach based on different variables.
Then, the agent moves toward the current target and computes the remaining time
(Fig. 24.3). More specifically, each driver has a remaining time which is initially set
to 1 s. Remaining time decreases after it drives, and it can continue to drive until
remaining time becomes 0 or it has to stop at the intersection.
During the movement, the agents can change lanes (see below). If the agent
reaches its final target, it stops; if it reaches its current target (that is not the
final target), it tests if it can cross the intersection to reach the next road of the
current path. If it is possible, it defines its new target and continues to move. The
function that defines if the agent crosses or not the intersection to continue to
move works as follow (Fig. 24.4): first, it updates its known uncommon events by
adding all the uncommon events it perceives (the ones at a distance lower than its
perception_distance). If its current path crosses an uncommon event, it will apply
its path computation action. After that, it tests if the road is blocked by a driver at the
intersection (if the road is blocked, the agent does not cross the intersection). Then,
if there is at least one stop signal at the intersection (traffic signal, stop sign: : :), for
each of these signals, the agent tests its probability to respect or not the signal (note
that the agent has a specific probability to respect each type of signals). If there is no
stopping signal or if the agent does not respect it, the agent checks if there is at least
one vehicle coming from a right (or left if the agent drives on the left side) road at a
distance lower than its security distance (i.e. minimal distance to the closest vehicle
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remaining_time > 0
final target
reached
target reached
it is possible
to cross the
intersection
to reach the
next road
Else
Else
Else
Else
compute the remaining
time after moving
toward the target
try to cross
the intersection
set remaining_time to 1
define the new target
define the speed expected
Fig. 24.3 Agent driving action algorithm
from which the agent feels safe). If there is one, it tests its probability to respect
this priority. If there is no vehicle from the right roads or if it chooses to do not
respect the right priority, it tests if it is possible to cross the intersection to its target
road without blocking the intersection (i.e. if there is enough space in the target
road). If it can cross the intersection, it crosses it; otherwise, it tests its probability
to block the node: if the agent decides nevertheless to cross the intersection, then
the perpendicular roads will be blocked at the intersection level (these roads will be
unblocked when the agent is going to move).
Concerning the movement of the driver agents on the current road, the agent
moves from a section of the road (i.e. segment composing the polyline) to another
section according to the remaining time and to the maximal distance that the agent
can moves (Fig. 24.4). For each road section, the agent first computes the initial
remaining distance it can travel according the remaining time and its speed (i.e.
max distance it can travel if there is no other vehicle). Then, the agent computes
its security distance (i.e. minimal distance to the next vehicle from which the
agent feels safe) according to its speed and its security_distance_coeff. While its
remaining distance is not null, the agent computes the maximal distance it can travel
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the target node of the current
road is blocked by a driver
for at least one stop traffic signal,
random number < proba_respect_stops
a vehicle blocks
the next road
random number <
proba_block_node
if there is at least one vehicle from
a «right» road at a distance lower than
the securitydistance and
random number < proba_respect_priorities
all the roads that are perpendicular
to the vehicle will be blocked
cross the road
Else
Else
Else
Else Else
remaining distance > 0
and not arrived at the
end of the road
maximal distance on the
selected lane < distance to
end of the next road section
Else
Else
compute the initial remaining
distance to travel
= speed * remaining time
move the agent according to
the maximal distance on
the selected lane
update the remaining
distance and compute
the next road section
compute the maximal
distance to travel (and
the corresponding lane)
on the current road section
compute the security distance
= security_ditance_coeff * real_speed
(a) (b)
Fig. 24.4 (a) Crossing of an intersection (case where the driver drives on the right side of the road)
and (b) Move on the current road algorithms
(and the corresponding lane), then it moves according to this distance (and updates
its current lane if necessary). If the agent is not blocked by another vehicle and can
reach the end of the road section, it updates its current road section and continues to
move. The agent changes lanes if it computes it could go further in its time slot on
another lane.
Figure 24.5 shows a snapshot of a simulation carried out for the agglomeration
of Rouen (France).
24.3 Conclusion
In this paper, we presented a new generic traffic model. From this model, which
was implemented with the GAMA platform, traffic simulations with a detailed
representation of the driver operational behaviors can be built. In particular, it
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Fig. 24.5 MOSAIIC traffic model applied to Rouen agglomeration, France
models the road infrastructures and traffic signals, the lane changes of the drivers
and their respect of norms. In comparison to the use of existing traffic simulation
frameworks, the advantage of our model is to enable modelers to easily define
models adapted to their application context.
We plan to enrich the model in order to make the driver agents more cognitive,
in particular concerning their choice of path and their adaptation to the their current
context in emergency situation. For this, we plan to give the driver agents a BDI
architecture that can be based on [17, 18].
If the model is already capable to simulate tens of thousands of driver agents,
we plan to improve its efficiency by using High Performance Computing and in
particular distribution on GPU to enable large scale simulations with millions of
driver agents.
At last, we plan as well to develop new tools to help people to prepare their data.
The goal will be to offer the possibility from incomplete OSM data to automatically
fill the missing attributes, and to create a consistent network (with its infrastructure
and traffic signals). A particular attention will be brought on traffic signals and traffic
lights.
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